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1. Introduction 

1.1 Molecular modeling in drug discovery 
In an effort to reduce the cost of developing new medicines and their time to 
market, pharmaceutical companies have attempted to streamline the drug 
discovery process using computational methods. Today, virtually every drug 
company of appreciable size has adopted computational methodology in 
most stages of the design process.1-3 Many computational methods comple-
ment one another and may be combined to help rationalize the drug discov-
ery process. 

In cases where it is possible to determine the 3-dimensional structure of 
the biomolecular target, molecular docking4,5 becomes possible and allows 
structure-based hit identification and/or lead optimization.6,7 In contrast to hit 
identification, docking used in lead optimization generally involves a more 
exhaustive search of the conformations available to the lead candidate within 
the structure of the target. This provides a more accurate estimation of inter-
actions between the lead compound and its target and helps to facilitate ra-
tional drug design. Despite its usefulness as a qualitative tool, molecular 
docking has not been widely successful in estimating biological activity.8  

During the later stages of drug design, where a series of compounds has 
been synthesized and tested, 3-dimensional quantitative–structure activity 
relationship (3D-QSAR) models may be used to provide an accurate predic-
tion of biological activity.9,10 Derivation of a robust 3D-QSAR model re-
quires knowledge of the biologically active conformation. Thus, molecular 
docking and 3D-QSAR methods can be used in a complementary way to 
provide more information than would have been possible using the two 
methods separately.11  

The material presented within this thesis provides an example of how 3D-
QSAR and docking methods may be used cooperatively. First, methodology 
for improving the predictive ability of a 3D-QSAR technique is developed 
and validated. Molecular docking is then applied to the optimization of in-
hibitors of the hepatitis C virus (HCV) NS3 protease. Finally, information 
gained from docking is used to allow the derivation of an enhanced 3D-
QSAR model. 
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1.2 The hepatitis C virus (HCV) 
Hepatitis is a condition characterized by inflammation of the liver. This may 
be a result of injury, excessive alcohol consumption or may be caused by 
any of the hepatitis viruses. Specific tests for the hepatitis A and B viruses 
emerged in the 1970’s and indicated that there was a third and unidentified 
virus responsible for liver inflammation. While this was initially referred to 
as non-A, non-B hepatitis (NANBH), it was not until 1989 that the causative 
agent of NANBH was identified, when it was named hepatitis C virus 
(HCV).12 

The hepatitis A, B and C viruses result in liver inflammation but are ge-
netically unrelated viruses. The hepatitis C virus is a member of the 
Flaviviridae family and unlike the hepatitis A and B viruses, roughly 70% of 
hepatitis C acute infections become chronic.13 The most recent approxima-
tion of HCV prevalence is 2% of the world’s population, or roughly 123 
million people14 and HCV is currently the leading cause of liver transplanta-
tion.15 Despite the fact that HCV is the most prevalent blood-borne patho-
gen,16 the only treatment currently available for chronic infection is a combi-
nation of pegylated interferon-� and ribavirin. However, this treatment has 
many adverse side effects and a low virological response rate, especially for 
individuals infected with the most prevalent form, genotype 1.17 There is 
currently no vaccine for HCV infection, although some indication of hope 
for an HCV vaccine has emerged.18 

Although some research has focused on vaccine development, most ef-
forts have been devoted to attacking various stages of the viral life cycle.19,20 
HCV is a positive-stranded RNA virus whose genome is comprised of ~9600 
nucleotides, responsible for encoding the 3011-residue HCV polyprotein. 
This polyprotein is proteolytically cleaved into 10 mature proteins: C, E1, 
E2, p7 and the nonstructural proteins NS2, NS3, NS4A, NS4B, NS5A and 
NS5B.21 While the C, E1, E2, p7 and NS2 proteins are cleaved by various 
means, the NS3 protein is responsible for cleavage at the NS3/4A, 
NS4A/4B, NS4B/5A and NS5A/5B junctions.22-24 The NS3 protein is bi-
functional, comprised of a serine protease domain in the N-terminus and a 
helicase domain in the C-terminus. While the NS3 protease was crystallized 
in 1996,25,26 it was not until 1999 that the full-length HCV NS3 prote-
ase/helicase structure was resolved.27 In addition to its importance in poly-
protein cleavage, it has been shown that that the NS3 protease is involved in 
interfering with the host antiviral response to HCV infection.28-31 

Clearly the NS3 protein is an attractive target for fighting HCV infection 
and inhibitors of the HCV NS3 protease have been subjected to clinical tri-
als. These include BILN-2061 (ciluprevir),32 VX-950 (telaprevir),33,34 SCH 
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503034 (boceprevir)35,36 and ITMN-191,37,38 whose structures and activities 
are listed in Figure 1 In addition to these, Medivir has disclosed the com-
mencement of clinical trials of an HCV NS3 protease inhibitor but have not 
yet revealed its chemical structure.39 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1. Structures of HCV NS3 protease inhibitors subjected to clini-
cal trials. 
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2. Computational Methods 

2.1 Comparative Molecular Field Analysis 

2.1.1 Brief history of (Q)SAR 
In order to help rationalize the drug design process, medicinal chemists often 
rely on structure–activity relationships (SAR). An SAR may be developed 
by making structural changes to a common core structure and observing how 
these changes affect activity. The resulting SAR model is then useful in lead 
optimization, where substituents with chemical properties similar to those 
responsible for high potency may be further explored.  

A natural extension of the traditional SAR is the quantitative structure–
activity relationship (QSAR), where some measures of chemical properties 
are correlated with biological activity to derive a mathematical representa-
tion of the underlying SAR. One of the first ever QSAR models is that of 
Richardson in 1869 where the narcotic effect of a series of alcohols was 
correlated with molecular weight.40 Nearly a century later, the independent 
development of the Free-Wilson41 method and Hansch analysis42 revolution-
ized QSAR. A more detailed review describing the development of QSAR 
may be found in the works of Kubinyi.9,43 

While traditional QSAR models relating biological activity with chemical 
properties have been useful, they do not account for how changes in three-
dimensional molecular shape affect biological response. In an attempt to 
include shape-related descriptors in QSAR modeling, attention was turned to 
the development of 3D-QSAR.44-47 3D-QSAR modeling techniques began to 
emerge in the late 1970’s and early 1980’s with the introduction of the mo-
lecular shape (MS) method by Simon et al.48,49 and Hopfinger,50 the distance 
geometry method of Ghose et al.51 and the prototype dynamic lattice-
oriented molecular modeling system (DYLOMMS) method of Cramer.52 It 
was not until partial least squares (PLS)53 data analysis became available that 
comparative molecular field analysis (CoMFA) was technically possible.54 
Since its development, CoMFA has grown to be arguably the most widely 
used 3D-QSAR method.  
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2.1.2 CoMFA methodology 
In the early stages of 3D-QSAR development, researchers recognized that 
protein–ligand interactions were mainly non-covalent. Based on this, it was 
thought that the electrostatic and steric components from molecular mechan-
ics force fields may provide sufficient information to allow the derivation of 
a predictive 3D-QSAR model. This was confirmed in 1988 with the success-
ful derivation of a predictive CoMFA model for a set of steroids.54 CoMFA, 
in its current implementation,55 uses the steric and electrostatic energy terms 
from the Tripos force field.56 

In order to calculate interaction energies and derive a model, CoMFA re-
lies on two basic techniques developed shortly before its inception: GRID57 
and PLS.53 GRID was developed with the intention of displaying energy 
contour surfaces encountered within the three-dimensional surface of a pro-
tein. This was done by sampling interaction energies between a theoretical 
probe atom at pre-specified positions near the protein atoms. The method 
gets its name from the fact that a virtual grid box is drawn in the site of 
ligand binding and lattice points within that grid box define the locations for 
where interaction energies are to be calculated.  

CoMFA is similar to GRID in that a similar grid box is used to define 
points in space from which interaction energies are calculated. However, 
rather than calculating interaction energies between a probe atom and a pro-
tein receptor, CoMFA calculates interaction energies between the probe 
atom and a set of active ligands (often referred to as the ‘training set’). Since 
ligand shape rather than protein shape is considered, it is assumed that the 
ligands are in their biologically active conformation. Figure 2 shows a 
graphical representation of the grid box, its lattice intersections and how they 
are used to tabulate interaction energies. 

In order for CoMFA to interpret how changes in molecular shape affect 
biological activity, compounds must be aligned prior to analysis. By aligning 
compounds based on, for example, a common structural core, it is possible to 
analyze interaction energies within a rigid grid box and determine which 
changes in ligand structure (i.e. changes in interaction energy) correlate with 
changes in observed activity. 

After calculation of interaction energies at each lattice intersection for 
each compound, data must be analyzed to find the correlation between 
changes in interaction energy and potency. Depending on the size and shape 
of the biologically active ligands, the number of lattice intersections may 
number in the thousands and analysis of the data goes well beyond the limi-
tations of multiple linear regression (MLR). PLS, on the other hand, is well 
suited to finding the correlation between a small number of dependent vari-
ables and a large number of independent variables and made the derivation 
of CoMFA models possible. The final QSAR equation is comprised of a 
term at each grid point for electrostatic and steric interaction energies along 
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with a coefficient for weighting each term. The activity of untested com-
pounds can then be predicted by calculating steric and electrostatic interac-
tion energies at each lattice intersection and substituting those values in the 
QSAR equation. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Diagram indicating the position of lattice intersections within the 
CoMFA grid box and how they are used to tabulate interaction energies. 

2.1.3 Modifications to CoMFA methodology 
Since its original presentation, CoMFA has become the most widely used 
3D-QSAR method, which has naturally drawn a lot of attention. Analysis of 
the scientific literature has uncovered a long list of references where authors 
have attempted to improve upon the existing CoMFA methodology. For an 
overview of many of these studies published between 1993 and 1998, the 
reader is referred to the work of Kim et al.58 and Norinder.59  
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Many of the steps related to the development of a CoMFA model have 
been addressed. These include training and/or test set selection,60-64 position 
of lattice points,65 grid size and definition,66-69 alignment rule,70-88 geometry 
optimization74,89-92 or partial atomic charge calculation,73,91,93-96 determination 
of the biologically active conformation,82-84,86,97-101 and consideration of bio-
logical activity determination. Indeed, new 3D-QSAR methods have been 
developed in order to avoid some shortcomings of CoMFA methodology.102-

110 

2.1.3.1 CoMFA parameters 
More relevant to the work presented in this thesis are the studies devoted to 
understanding the importance of one or more of the CoMFA parameters.111-

113 In its current implementation, there are a number of CoMFA settings that 
may be adjusted by users. These settings affect the way in which interaction 
energies are measured and processed prior to evaluation with PLS. While the 
majority of users have relied on the default CoMFA parameters, a number of 
studies have emerged where attempts were made to improve CoMFA results 
by modifying one or more settings. 

A number of studies have been performed in order to understand the ef-
fect of varying one or several CoMFA parameters. This approach may be of 
limited utility since it does not reveal the interdependence of settings and 
leaves out large areas of the experimental domain. In order to fully under-
stand the effect of CoMFA parameters on predictive performance, many 
combinations of settings must be tested on multiple data sets. We have un-
dertaken the task of exploring a wide range of CoMFA settings in order to 
understand their effect on predictive ability. The results from these investiga-
tions are presented in greater detail in the forthcoming sections. 

The ten CoMFA parameters under investigation in this thesis are listed 
and briefly described in Table 1.  Due to the large number of studies per-
formed in the past where aspects in CoMFA modeling such as data set 
alignment, orientation, and determination of biologically active conforma-
tion have already been explored, we decided to focus this work on develop-
ing an understanding of the interdependence of the CoMFA parameters and 
their effect on predictive performance. Not all of the settings listed in Table 
1 have been available since CoMFA was originally introduced. Some set-
tings have been included in the CoMFA methodology after the publication of 
later work advocating their use. 
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Table 1. Description of CoMFA setting chosen for evaluation.  

 
The Dielectric Function controls the formula for calculating electrostatic 
interaction energies. Using the default “Distance” setting, electrostatic ener-
gies are calculated as a function of 1/r2, allowing for a steep falloff of energy 
as distance between probe atom and training set atoms increases. The “Con-
stant” setting insures that Sybyl uses the classic Coulombic energy function 
where electrostatic energy varies as a function of 1/r, allowing for a more 
gradual falloff in energy with increasing distance. Although “Distance” is 
currently the CoMFA default, the Coulombic function was used in the origi-
nal CoMFA publication.54 

The Drop Electrostatics setting controls how electrostatic energies are 
treated at lattice points where steric energies are above their cutoffs. If this 
parameter is set to “All Rows Union Volume” electrostatic energies are ex-
cluded from the forthcoming PLS analysis if the lattice point in question 
falls within the excluded steric volume for any molecule in the training set. 
Setting the Drop Electrostatics parameter to “No” ensures that all calculated 
electrostatic interaction energies are unchanged while setting it to “Yes” 
causes Sybyl to set electrostatic energies for that lattice point to the mean of 
all excluded values. In practice, this means that PLS will ignore the column 
of electrostatic energies since it is one of zero variance.  

The Electrostatic and Steric Maxima are the maximum values to record 
for a given lattice point. If the absolute value of the calculated interaction 
energy exceeds this value, it is set to its maximum. These settings may take 

Setting Name Setting Function 
Dielectric Function Formula for dielectric energy calculation. 
Drop Electrostatics Treatment of electrostatics at lattice points 

with high steric field values. 
Electrostatic Maximum Maximum possible electrostatic energy 

value. 
Field Type Which field types to be used in the analysis. 
H-Bond Function Use of the hydrogen bonding field. 
Repulsive vdW term Exponent used in the repulsive component of 

the Lennard-Jones equation. 
Steric Maximum Maximum possible steric energy value. 
Switch Function Method of transitioning between sterically 

allowed and disallowed regions. 
Transform Method for pre-processing steric and electro-

static energy terms prior to use in PLS. 
Volume Averaging Type Method of defining the location and size of 

lattice points. 
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any positive value but have been evaluated at the levels shown in Table 1 to 
reduce the number of models to be evaluated. 

The Field Type setting controls what type of field or fields should be used 
in the CoMFA model. Setting this parameter to “Both” will ensure that both 
electrostatic and steric fields are used, while setting it to either “Steric” or 
“Electrostatic” ensures that only steric or electrostatic fields will be used.  

Setting the H-Bond Function to “Yes” instructs Sybyl to transform the 
steric and electrostatic fields to hydrogen-bonding acceptor and donor fields, 
respectively. The field was introduced by Bohacek and McMartin114 and 
works by filtering lattice points depending on where they are positioned 
relative to potential hydrogen bonding groups in the training set. If a given 
lattice point is far from hydrogen bond donor or acceptor atoms, it is as-
signed a value of 0. Lattice points may also be assigned a value of 0 if they 
are located in sterically forbidden areas very close to atoms. Lattice points 
close to potential hydrogen-bonding groups but not within sterically forbid-
den areas are assigned an energy equal to the steric cutoff.  

The Repulsive vdW term sets the exponent in the repulsive component of 
the Lennard-Jones expression for calculating steric interaction energies. The 
setting is rarely varied in published work possibly due to the fact that it is not 
available in the CoMFA graphical user interface (GUI). This parameter can 
be modified by setting the appropriate Tailor variable prior to insertion of 
the CoMFA column. The Lennard-Jones 6-12 potential is known to produce 
steep increases in steric potential in areas near the van der Waals surface.115-

117 Adjusting the exponent used in the Lennard-Jones repulsive term may 
help in overcoming this limitation. 

Setting the Switch Function to either “Yes” or “No” corresponds to the 
setting “Smooth” and “Abrupt,” respectively, in the GUI. This setting allows 
for a smooth transition from lattice points within the cutoff region to lattice 
points within the allowed region. Setting the parameter to “Yes” allows for 
interpolation from 6 kcal/mol below the cutoff up to the cutoff. The switch 
function must be set to “No” if the Volume Averaging Type parameter is to 
be used. 

The Transform parameter allows for modification of electrostatic and 
steric interaction energies prior to PLS. If the parameter is set to “Indica-
tor,”117 steric and electrostatic energies below their respective cutoffs are 
assigned a value of zero, while potentials at or above their cutoffs are as-
signed an energy equal to the cutoff, thus shifting the focus of the analysis 
toward the intermediate potentials. When the transform parameter is set to 
“Squared,” the magnitude of the interaction energy is squared and the sign of 
the original value retained. This setting is referred to as “Parabolic” in the 
CoMFA GUI.  

The Volume Averaging Type parameter controls the way lattice points are 
used for interaction energy calculation. When the setting “None” is used, 
interaction energies are calculated at the precise location of the lattice point. 



 20 

If the “Box” setting is used, the energy at the given lattice point is set to the 
average of the energies calculated at the vertices of a box centered on the 
original lattice point. The “Box” setting has been shown to be helpful in 
reducing the effects of poor alignment or orientation.113 

2.2 Experimental design 
In a purely combinatorial experimental design, all possible experiments are 
performed, combining all factors and levels. While this approach ensures 
complete sampling of the experimental domain, it may be impractical and 
costly depending on the difficulty of performing the experiments. A number 
of techniques have been developed to compile a refined list of representative 
experiments, where the goal is to maximize the information obtained while 
still performing a small number of experiments. Experimental design tech-
niques should be applied where the evaluation of experiments is costly, im-
practical or may have ethical implications.118 

While technically any process of compiling a list of experiments to be 
performed may be referred to as an experimental design, the term will herein 
refer to the deliberate attempt to select a meaningful, short list of useful ex-
periments intended to efficiently maximize the information content of ex-
perimentation.119-126 

Statistical experimental design methods127 were pioneered by Karl Pear-
son in the 1920’s and 1930’s and represent a rational approach to experimen-
tal design. The most notable characteristic of statistical experimental designs 
is that they provide a strict mathematical foundation for simultaneously 
varying all important factors based on only a few experiments (often less 
than 20). The experimental domain is represented by experiments at the 
edges, vertices and center of the domain. The assumption that the experi-
mental domain has been fully represented holds true so long as it is regularly 
shaped with no holes or missing regions. 

Discontinuous or irregularly shaped experimental domains are commonly 
encountered in high-throughput screening (HTS) campaigns, where thou-
sands of compounds are screened for biological activity. Experimental de-
sign is often used to compile a list of compounds representative of the wide 
array of molecules that may be practically synthesized. However, the ex-
perimental domain (in this case a compound library) is irregularly shaped, 
with holes and slices removed due to the fact that all imaginable combina-
tions of atoms cannot be connected to form molecules. In HTS, it is more 
practical to compile a character set (a list of all feasible experiments, or in 
this case molecules) and select a representative subset from this pool.  

Perhaps the most straightforward type of experimental design that can be 
applied in cases of irregular experimental domain is a random selection of 
experiments. From a large pool of possible experiments the practitioner may 
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randomly select a smaller number of experiments. While this may seem hap-
hazard and without rational basis, random experimental designs often work 
fairly well. Random selection methods have been used in HTS campaigns 
and there is some debate in the literature whether random or rational experi-
mental designs are better.128-131 

Representative subsets may be compiled more rationally using cluster-
based selection or maximally diverse subset selection.132 In the case of com-
binatorial library design for HTS, compounds are characterized using princi-
pal component analysis (PCA) or PLS based on chemical descriptors.133 This 
allows for clustering or distance-based selection within the Cartesian space 
defined by the PCA scores.  

Of the many maximally diverse subset selection algorithms available to-
day, MaxMin is among the most highly regarded due to its ability to provide 
good coverage of the experimental domain with minimal edge effects.131,134 
The algorithm was introduced in 1969 by Kennard and Stone in order to 
provide an efficient solution to experimental design in cases of irregularly 
shaped experimental domain.135 Although the algorithm is straightforward to 
implement, it does place a high demand on computational resources due to 
the need to compute and compare all mutual compound–compound dis-
tances. MaxMin was used in this work to provide a refined set of representa-
tive CoMFA models, a task conceptually similar to designing a diverse com-
pound library. Its use and implementation are described in further detail in 
Section 3.8.1. 

2.3 Molecular docking 
An understanding of protein-ligand interactions is a key requirement for 
rational drug design. Although it is possible to experimentally elucidate the 
structure of protein–ligand complexes using crystallographic methods or 
nuclear magnetic resonance (NMR), it would be difficult to do so for all 
ligands in a medicinal chemistry project. Molecular docking may be able to 
provide this important information by predicting the structure of the protein–
ligand complex. 

Molecular docking works by exploring the space available to ligands 
within the cavity formed by the protein active site. A scoring function is then 
used to assess how well the ligand structures and their conformations com-
plement the shape of the protein. Scoring functions are intended to give a 
quantitative estimate of ligand binding affinity by providing a weighted sum 
of positive and negative protein–ligand interactions. 

While their utility has been evaluated and shown to often correctly predict 
bioactive conformation,8,136-142 the main drawback with docking is its diffi-
culty in estimating biological activity.143 Scoring functions used in docking 
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are often simplified to allow for computational efficiency and usually do not 
describe binding free energy.144 

Although there are a large number of docking programs available to-
day,145,146 the FLO+ docking suite was used for docking calculations in this 
thesis. More information regarding the methodology used can be found in 
Section 4.1.1. 
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2. Aims of the Thesis 

This thesis is devoted to the development of methodology for improving the 
predictive performance of CoMFA and modeling studies of HCV NS3 pro-
tease inhibitors. 

 
Specific objectives include: 

 
1. To develop and validate improved CoMFA modeling by settings op-

timization. 
 
2. To analyze and refine CoMFA improvement methodology to allow 

for simplified implementation. 
 

3. To provide an understanding of the SAR for two series of tripeptide 
HCV NS3 protease inhibitors using molecular docking. 

 
4. To derive predictive 3D-QSAR models for HCV NS3 protease in-

hibitors using enhanced CoMFA models and a docking-based 
alignment rule. 
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3. Development, validation and refinement 
of methodology for the improvement of 
CoMFA models (Papers I and II) 

While many aspects of CoMFA methodology have been scrutinized and 
improved upon, prior to this work, there had been no published study where 
the interdependence of CoMFA settings was evaluated. Although there have 
been several published studies highlighting the utility of one or more set-
tings, they have been evaluated alone, thus omitting large areas of experi-
mental space. To understand how settings are interrelated and their effect on 
the predictive performance of CoMFA, we attempted to test virtually all 
possible combinations of parameters. This approach began in our lab with 
Schaal studying HIV-1 protease inhibitors using CoMFA.147 However, in 
this thesis a more comprehensive approach is taken, studying more CoMFA 
settings and applying the method to more data sets. 

3.1 Evaluation of CoMFA parameters 
The settings listed in Table 2 are those chosen for evaluation in this work. In 
some cases these parameter names may differ from those shown in the 
CoMFA GUI. 

 
Table 2. CoMFA settings chosen for evaluation. 

Setting Name Setting Optionsa 
Dielectric Function Distance, Constant 
Drop Electrostatics Yes, No, All Rows Union Volume 
Electrostatic Maximum 5, 15, 30, 45, 60, 80b 
Field Type Both, Electrostatic, Steric 
H-Bond Function Yes, No 
Repulsive vdW term 8, 10, 12 
Steric Maximum 5, 15, 30, 45, 60, 80b 
Switch Function Yes, No 
Transform None, Indicator, Squared 
Volume Averaging Type None, Box   
a Underlined setting considered default. b Values not limited to those shown. 
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The task of evaluating CoMFA models using many combinations of settings 
is complicated by the fact that many combinations are illogical or impossi-
ble. For example, settings pertaining to the steric interaction energy field 
(e.g. steric energy cutoff) need not be adjusted if only the electrostatic field 
is used. Based on CoMFA documentation and preliminary investigations, it 
was possible to build a decision tree to determine which combinations of 
settings are possible. This decision tree is shown in Figure 3. 

 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. Decision tree for determining possible combinations of CoMFA 
settings. 

 
Based on this decision tree, it was possible to compile a list of 6120 combi-
nations of settings. The process of deriving CoMFA models using all 6120 
combinations of settings was simplified using a Sybyl Programming Lan-
guage (SPL) script. Since factors such as region size and definition, orienta-

H-Bond
Fields?

Cutoffs:
•Steric

(5, 15, 30, 
45, 60, 80)

Yes

Rep vdW
• 8
• 10
• 12

NoField Type:
• Both
• Electrostatic
• Steric

Both

Cutoffs:
• Electrostatic
• Steric

(5, 15, 30, 
45, 60, 80)

Electrostatic

Steric

Cutoffs:
• Electrostatic

(5, 15, 30, 
45, 60, 80)

Cutoffs:
• Steric

(5, 15, 30, 
45, 60, 80)

Drp. Elec.
• Yes
• No
• ARUV

Transform
Function
• None
• Indicator
• Squared

Diel. Func.
• Constant
• Distance

Switch
• Yes
• No

No
Vol Av. Type
• None
• Box

Rep vdW
• 8
• 10
• 12

Legend:
•Electrostatic and 
steric fields used

•Electrostatic 
fields used

•Steric fields 
used

•H-Bond fields 
used 

Yes

Start

Build 
CoMFA
Model

Build 
CoMFA
Model

Build 
CoMFA
Model



 26 

tion and alignment have been reviewed by other authors, they will not be 
evaluated here. Thus, the default grid box (2 Å grid spacing, +1-charged C-
sp3 probe atom) was used along with orientation and alignment derived by 
the original authors of the data sets. 

3.2 Data sets 
To assess the potential improvement in predictive performance made possi-
ble by this methodology, it has been applied to nine electronically available 
data sets. These include the steroids data set presented in the original 
CoMFA article54 as well as eight other data sets made available in the work 
of Sutherland et al.148 Data sets, data set sizes and their range in activity are 
shown in Table 3. 
 
Table 3. Data sets, data set sizes and their range in activity.  

Data set Size Activity Range 
ACE 114 2.14 – 9.94 (pIC50) 
AChE 111 4.27 – 9.52 (pIC50) 
BZR 147 5.52 – 8.92 (pIC50) 
COX-2 282 4.03 – 9.00 (pIC50) 
DHFR 361 3.30 – 9.81 (pIC50) 
GPB 66 1.30 – 6.80 (pKi) 
Steroids 31 5.00 – 7.88 (pK) 
THER 76 0.52 – 10.17 (pKi) 
THR 88 4.36 – 8.48 (pKi) 

   

 
The steroids data set has been frequently used as a benchmark data set for 
testing new 3D-QSAR methods.149 Steroid training set compounds are avail-
able in the Sybyl molecular modeling suite and the test set compounds were 
obtained from the Johan Gasteiger research group.150 3D atomic coordinates 
of test set compounds were derived by the Gasteiger group using 
CORINA.151 To ensure uniformity between training and test set compounds, 
they were minimized to convergence using the Tripos force field,56 
Gasteiger–Marsili152,153 charges and the conjugate gradient method. The 
alignment rule used was the same as that published in the original CoMFA 
paper and involved least squares fitting all compounds to deoxycortisol us-
ing steroid atoms 3, 5, 6, 13, 14, and 17, numbered according to the steroid 
nomenclature. 

The eight Sutherland data sets were obtained from the Supplementary In-
formation available online and were used without modification. The data sets 
were of various size and span in activity and included: 114 angiotensin con-
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verting enzyme (ACE) inhibitors,70 111 acetylcholinesterase (AChE) inhibi-
tors, 163 benzodiazepine receptor (BZR) ligands, 322 cyclooxygenase-2 
(COX-2) inhibitors, 397 dihydrofolate reductase (DHFR) inhibitors, 66 gly-
cogen phosphorylase b (GPB) inhibitors,154 76 thermolysin (THER) inhibi-
tors,154 and 88 thrombin (THR) inhibitors.155 For the BZR, COX-2 and 
DHFR data sets, several compounds were removed (by Sutherland) due to 
indeterminate activity, reducing their sizes to 147, 282 and 361 compounds, 
respectively. Training and test sets were divided by Sutherland et al. based 
on chemical diversity and span in potency. Approximately two-thirds of the 
compounds were assigned to the training set with the remainder of com-
pounds reserved for the test set.  

Data sets used in the study were chosen due to their previous use and 
electronic availability. This allows for direct comparison of improvement in 
predictive performance with other published work.  

3.3 CoMFA validation 
The derivation of a CoMFA model is by no means foolproof and one must 
continually validate models to be sure of their reliabilty.156 While model fit 
(r2) has been recommended in the past for validation of QSAR models,157 the 
traditional means of CoMFA model validation is the cross-validated r2 (q2) 
(Eq. 1), which is a measure of the ability of the model to make activity pre-
dictions for compounds used to train the model.  

Cross-validation is an iterative process of excluding one or more training 
set compound, re-deriving the QSAR equation and predicting the activity of 
the excluded compound(s). The process is repeated until each training set 
compound has been excluded exactly once. Thus, the activity of each train-
ing set compound will have been predicted using QSAR equations derived 
without knowledge of those compounds, allowing the calculation of q2. A q2 
of 0 represents prediction based on random guessing, a q2 of 1 represents 
perfectly accurate prediction and a negative q2 represents prediction worse 
than random guessing. Although a minimum q2 of 0.3 is generally recom-
mended, the reliability of q2 has been assessed and it has been shown that q2 
values lower than 0.3 may be acceptable depending on the size of the data 
set.158 The general formula for q2 is given in Equation 1. 
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Here, y and ypred are the experimental and calculated activities, respectively, 
and y  is the average experimental activity of the training set. q2 was evalu-
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ated using Leave-One-Out (LOO) cross-validation. Calculation time was 
reduced using Sample Distance Partial Least Squares (SAMPLS).159 By de-
fault, Sybyl determines model dimensionality using the number of compo-
nents corresponding to the highest possible q2. To avoid overfitting,160 the 
appropriate number of principle components was determined based on the 
first minimum cross-validated standard error of prediction (SDEPcv).161,162 

While q2 has been shown to be a useful validation test,158 external valida-
tion has been advocated to more rigorously assess model performance.163 
External validation involves setting aside some compounds from the training 
set to form a test set. After the model has been developed, the activity of 
these compounds is calculated and another r2 (r2 of prediction, or r2

pred) is 
calculated. r2

pred is calculated using a similar equation as for q2, but with 
some minor changes: 
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The values y and ypred are the measured and predicted activities for test set 
compounds, respectively, while y and y training are the measured activities of 
the test set and average measured activity of the training set members. The 
range of values for r2

pred are the same as for q2 and interpretation is analo-
gous. While r2

pred is generally accepted as a more conservative estimate of 
predictive ability, its use has also been criticized because it requires the re-
moval of information from the training set.164 Depending on the training set 
size, this may have a negative impact on the predictive ability of the final 
CoMFA model. 

Yet another method for ensuring the reliability of models is response 
variable randomization. Here, the biological activities for training set com-
pounds are randomly re-assigned and then used to derive a new model. Y-
randomization tests have been used elsewhere,156 where it was shown that 
over-optimization in CoMFA was not indicated by q2.165Although high pre-
dictive statistics will occasionally arise in randomization tests, randomized 
models should be clearly distinguishable from those derived using correctly 
assigned activities.166,167 If it is possible to derive an equally good model 
using randomly assigned biological activities as is possible using correctly 
assigned activities, then spurious correlation is likely.166 In this work, where 
we attempt to improve the predictive performance of CoMFA by sampling 
thousands of models, it was important for us to be sure that our optimization 
did not result in models relying on spurious correlation. A thorough evalua-
tion of y-randomization tests may be found in the work of van der Voet.168 

Since random assignment of activity is different each time it is performed, 
randomization should be evaluated many times. To understand the likelihood 
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that our parameter optimization methodology may lead to spurious correla-
tions, 100 iterations of activity data assignment were performed for each 
data set. The parameter optimization algorithm was applied to all 100 sets, 
resulting in the derivation of 612000 models for each data set and a total of 
roughly 5.5 million models for the entire study. 

3.4 Comparison of model performance 
To optimize CoMFA parameters, 6120 models are evaluated and model per-
formance may be judged by various means, including q2, r2

pred, and r2. Unfor-
tunately, selection of the most predictive CoMFA model is not as simple as 
choosing the model with the highest values in all of these metrics. Figure 4 
shows a scatter plot, comparing the q2 and r2

pred values for CoMFA models 
derived for the steroids data set. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 4. Comparison of q2 and r2

pred for models derived using the Steroids 
data set. All models with non-zero q2 and r2

pred are shown.  
 
Figure 4 shows the lack of correlation between q2 and r2

pred for the steroids 
data set and similar behavior was observed for each of the eight Sutherland 
data sets. While changing settings had little effect on q2 (q2 varied roughly 
between 0.6 and 0.9 for most models) there was a large spread in r2

pred. Thus, 
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while most models had acceptable q2 values, many failed to accurately pre-
dict activities for the test set compounds. 
 

Given the lack of correlation between q2 and r2
pred, optimal model selec-

tion must be based on some weighting of metrics. In line with published 
recommendation,169 r2

pred was given preference, followed closely by q2. 
Model fit (r2) was used to differentiate between models with similarly high 
r2

pred and q2 values. The model subjectively chosen as optimal for each data 
set possessed a high (although often not the highest) r2

pred and q2 and often 
very closely resembled the model assigned the highest score based on the 
following formula:  

 
222 245 rqrScore pred ��  Eq. 3  

 
Schultz et al. have used a similar scoring function composed of weighted 
validation metrics to compare QSAR models used in ecotoxicity.170 Weight-
ings for each individual validation metric were based on the authors’ expert 
opinions as it is difficult to statistically validate the weightings since they are 
based on the subjective reliability of each metric determined by the modeling 
community. Additionally, Kolossov et al. have devised an unbiased metric 
for comparison of QSAR models derived using different regression methods, 
with training sets of various size, and using different descriptors.171 

3.5 Improvement in predictive performance 
As can be seen in Table 4 substantial improvements in internal and external 
predictive ability were achieved by selecting more appropriate CoMFA set-
tings. 
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Table 4. Comparison of default and optimized q2, r2
pred and r2 for the 9 data 

sets studied. 
 

  Default  Optimized 
Data set  r2

pred q2 r2  r2
pred q2 r2 

         
ACE  0.48 0.68 0.80  0.71 0.73 0.96 
AChE  0.59 0.52 0.78  0.73 0.70 0.96 
BZR  -0.01 0.32 0.46  0.45 0.45 0.78 
COX-2  0.27 0.49 0.69  0.37 0.56 0.75 
DHFR  0.59 0.65 0.79  0.64 0.68 0.86 
GPB  0.43 0.42 0.84  0.57 0.73 0.98 
Steroids  0.31 0.70 0.94  0.64 0.84 0.95 
THER  0.55 0.49 0.94  0.61 0.65 0.95 
THR  0.64 0.59 0.85  0.72 0.66 0.87          

 
While it was possible to improve r2

pred, q2 and r2 values for all data sets stud-
ied, the extent to which these were improved was data set dependent. Data 
sets whose predictive statistics were low (e.g. BZR) were more substantially 
improved than those with already good models (e.g. DHFR). By modifying 
settings, it was possible to improve the default BZR model (r2

pred = -0.01, q2 
= 0.32 and r2 = 0.46) quite significantly, showing improvements in r2

pred 
(0.46), q2 (0.13) and r2 (0.32). DHFR, on the other hand, with its already 
high validation statistics (r2

pred = 0.59, q2 = 0.65 and r2 = 0.79) was affected 
to a lesser extent by settings optimization. Improvements in r2

pred, q2 and r2 
were 0.05, 0.03 and 0.07, respectively. 

Although CoMFA is the most widely used 3D-QSAR method, it is by no 
means perfect. Since its inception, other QSAR methods have been proposed 
to address CoMFA’s shortcomings. HQSAR172 and CoMSIA104 are two such 
methods for which literature data for the 8 Sutherland data sets exists. Fig-
ures 5 and 6 show the graphical comparison of the different QSAR methods 
and their q2 and r2

pred values, respectively. 
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Figure 5. A comparison of q2 for Sutherland datasets using default CoMFA, 
optimized CoMFA, CoMSIA and HQSAR.  CoMSIA and HQSAR data 
taken from the work of Sutherland, et al.148 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6. A comparison of r2
pred for Sutherland datasets using default 

CoMFA, optimized CoMFA, CoMSIA and HQSAR.  CoMSIA and HQSAR 
data taken from the work of Sutherland, et al.148 

 
While the CoMSIA and HQSAR methods were able to produce models with 
slightly higher q2 or r2

pred for the COX-2, DHFR, GPB and THR data sets, 
those models were not higher than optimized CoMFA in both q2 and r2

pred. 
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However, optimization of CoMFA settings was successful in deriving mod-
els with higher q2 and r2

pred for the remaining 4 data sets (ACE, AChE, BZR 
and THER) than was done using CoMSIA and HQSAR.  

3.6 Validation by y-randomization 
Y-randomization was used to ensure our settings optimization process did 
not result in spurious correlation. To fully validate the parameter optimiza-
tion procedure, it is necessary to show that by modifying settings it is not 
possible to develop highly predictive models for data sets with randomly 
assigned activity. More information regarding y-randomization tests may be 
found in section 3.3.  

Tables 5 and 6 show a comparison of the number of models derived using 
correct and randomly assigned activities with both q2 and r2

pred above the 
specified cutoff. It is important to note that there were 6120 models derived 
for each data set using correct responses, whereas there were 612 000 mod-
els derived for each data set using randomly assigned activities. 

 
Table 5. Total numbera of models with both q2 and r2

pred above the specified 
cutoff derived using correctly assigned responses. 

 
Dataset  >0.00  >0.10  >0.20  >0.30  >0.40  >0.50 
             
ACE  6116  6116  6116  6107  5524  4051 
AChE  6102  6088  6070  5913  5003  1897 
BZR  5598  4221  2347  509  43  0 
COX-2  6099  5784  4583  961  4  0 
DHFR  6120  6120  6119  6113  6056  5508 
GPB  5979  5562  4950  3603  1579  99 
Steroids  6020  5926  5603  4727  2519  507 
THER  6114  6075  5990  5794  4823  1210 
THR  6115  6104  6086  6049  5995  5659              
a Represents total number of models from 6120 models derived using real responses 
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Table 6. Total numbera of models with both q2 and r2
pred above the specified 

cutoff derived using randomly assigned responses. 
 

Dataset  >0.00  >0.10  >0.20  >0.30  >0.40  >0.50 
             
ACE  6738  3  0  0  0  0 
AChE  7738  294  0  0  0  0 
BZR  15531  0  0  0  0  0 
COX-2  6089  0  0  0  0  0 
DHFR  22284  0  0  0  0  0 
GPB  17235  240  43  0  0  0 
Steroids  8940  2556  491  75  5  0 
THER  5386  32  0  0  0  0 
THR  11524  152  0  0  0  0              
a Represents total number of models from 612 000 models derived using randomly assigned responses 

 
Of the 5.5 million models included in Table 6 and derived using randomly 
assigned activity, very few have acceptable q2 and r2

pred values. Only 534 
models have both q2 and r2

pred above 0.2, there were only 75 above 0.3, only 
5 above 0.4 and none with both q2 and r2

pred above 0.5. Despite the fact that 
Table 5 was compiled using only 1% as much data as Table 6, 18 931 mod-
els have both q2 and r2

pred above 0.5. Thus, models derived using correctly 
assigned responses stand in stark contrast to those derived using randomly 
assigned responses. Based on these y-randomization tests it can be con-
cluded that use of the parameter optimization procedure is unlikely to result 
in spurious CoMFA models.  

3.7 Comparison of models 

3.7.1 Optimal model settings. 
Up to this point, parameter optimization has proven effective in enhancing 
the predictive performance of CoMFA models using 9 different data sets. Y-
randomization tests have shown that use of this procedure is unlikely to re-
sult in spurious CoMFA models. It may be interesting to see if one particular 
combination of parameters could replace the current default settings. Table 7 
shows a comparison of the best models for each data set, where the best 
model was selected based on the scoring function described in section 3.4. 
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Table 7. Comparison of optimal settings for data sets studied. 
 

Settinga Steroids ACE AChE BZR COX-2 
      
Model # 3739 4556 5846 1213 2354 
Dielectric Function Distance Distance Distance Distance Distance 
Drop Electrostatics ARUV No No ARUV No 
Electrostatic 
Maximum 

30 45 15 5 80 

Field Type Both Both Both Both Both 
H-Bonding No No No No No 
Rep. vdW term 12 8 12 10 12 
Steric Maximum 30 15 5 80 45 
Switch Function No No No No No 
Transform Indicator Indicator Indicator Squared Squared 
Vol. Av. Type None Box Box Box Box 
      
Setting DHFR GPB THER THR  
      
Model # 6079 4622 4078 3040  
Dielectric Function Distance Distance Constant Constant  
Drop Electrostatics ARUV No ARUV ARUV  
Electrostatic 
Maximum 

5 45 5 5  

Field Type Both Both Both Both  
H-Bonding No No No No  
Rep. vdW term 12 12 10 12  
Steric Maximum 5 15 30 45  
Switch Function No No No No  
Transform Squared Squared Indicator None  
Vol. Av. Type Box Box Box None        
a Underlined settings are those considered to be default. 

 
Visual inspection of the settings used in the optimal models for these data 
sets reveals several similarities. For example, all top scoring models use 
either “Indicator” or “Squared” Transform Types, and many of them also use 
the “Box” Volume Averaging type. While this is true, further examination of 
the data indicated that many of the models with the lowest predictive per-
formance were also derived using either “Indicator” or “Squared” Transform 
Types (See scatter plots included in Supplementary Information for Paper I). 
Perhaps less surprising is the fact that all optimal models use both electro-
static and steric fields and maybe also that none are derived using H-bonding 
fields.  
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3.7.2 Data set dependence 
To further analyze data set dependence, model settings were examined to see 
if there was any particular settings combination that performed better than 
default (in both q2 and r2

pred) for all 9 data sets. This analysis revealed that 
there were no such combinations of settings. However, 5 models were found 
to perform better than default in 7 of the 9 data sets studied. While data set 
dependence was indicated by this preliminary data inspection, a more com-
prehensive multivariate data analysis was done on all 9 data sets to reinforce 
this point. This was done using PLS, correlating model settings with model 
performance, using the model score given in Equation 3. 

The data matrix, including model settings and their corresponding model 
scores, is complicated and presents several difficulties in PLS modeling. 
These difficulties arose mainly due to the fact that model settings are cate-
gorical variables expressed as both numbers and text strings. For example, 
electrostatic and steric settings are numerical and may take (as implemented 
in this work) the values 5, 15, 30, 45, 60 or 80. Other settings, such as the 
dielectric function, are categorical and may take the values “Constant” or 
“Distance.” One added level of complexity was presented by the inapplica-
bility of some settings depending on how other settings were configured. For 
example, in cases where only the electrostatic field is used, settings relating 
to the steric field, such as the steric cutoff or the vdW term, have no influ-
ence on the derivation of the model. To provide an accurate representation of 
the data matrix, settings were preprocessed prior to multivariate analysis. 

The GIFI system of binning173 was found to be a useful data preprocess-
ing scheme. Here, the variables are separated into bins and the original vari-
able values are replaced with a 1/0 representation. The number of bins each 
variable is separated into depends on the range of original values. Simple 
categorical variables are easily represented using this scheme since the num-
ber of GIFI bins is equal to the number of levels the categorical variable can 
take. An extra bin was added to several parameters to clearly represent in-
stances where that parameter was unavailable. Thus, GIFI binning was able 
to transform string and numerical representations of model settings as well 
as allow for an accurate representation of the parameters actually used in the 
derivation of each CoMFA model.  

There are several variants of the GIFI binning scheme, selection of the 
appropriate variant largely depends on the nature of the data matrix at hand. 
In this case, the GIFI-1 binning scheme presented by Berglund et al.174 was 
used. Figure 7 shows binning of the electrostatic cutoff parameter and how 
the original variable values were replaced with the appropriate 1/0 represen-
tation. Table 8 shows the original 10 CoMFA parameters and their GIFI bin 
names. GIFI binning was performed using a Perl script. 
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Orig Var.   
El. Cutoff  E-M E-5 E-15 E-30 E-45 E-60 E-80 

         
N/A  1 0 0 0 0 0 0 

5  0 1 0 0 0 0 0 
15  0 0 1 0 0 0 0 
30  0 0 0 1 0 0 0 
45  0 0 0 0 1 0 0 
60  0 0 0 0 0 1 0 
80  0 0 0 0 0 0 1          

 
Figure 7. Depiction of the GIFI-1 binning scheme using the electrostatic 
cutoff as an example. 

 
Table 8. CoMFA settings and their GIFI bin names.a 
Setting Name Setting Options GIFI Bin Names 
   
Dielectric Function Distance, Constant Diel_M,c Diel_dist, Diel_const 
Drop Electrostatics Yes, No, ARUV Drp_M,c Drp_Y, Drp_N, Drp_ARUV 
Electrostatic 
Maximumb 

5, 15, 30, 45, 60, 80 E_M,c E_5, E_15, E_30, E_45, E_60, 
E_80 

Field Type Both, Electrostatic, Steric F_H,d F_B, F_E, F_S 
H-Bonding Yes, No N/Ad 
Rep. vdW term 8, 10, 12 Rep_M,c Rep_8, Rep_10, Rep_12 
Steric Maximumb 5, 15, 30, 45, 60, 80 S_M,c S_5, S_15, S_30, S_45, S_60, 

S_80 
Switch Function Yes, No Sw_M,c Sw_Y, Sw_N 
Transform None, Indicator, Squared T_M,c T_NONE, T_IND, T_SQ 
Vol. Av. Type None, Box V_M,c V_NONE, V_BOX    
a Underlined setting considered default. b Possible values not limited to those shown. c Denotes instances where  
the setting is unavailable d Setting re-categorized under the Field Type, where it is denoted with F_H. 

 
Subsequent to GIFI data preprocessing, it was possible to derive an 8-
component PLS model including all GIFI-transformed settings and model 
scores for each of the nine data sets. This model explained 50% of the X-
block variance, 36% of the Y-block variance and had a q2 of 0.36. To aid in 
model interpretation, CoMFA settings with a variable importance below 0.7 
were removed, resulting in a subsequent 8-component model with R2X = 
0.76, R2Y = 0.34 and Q2 = 0.34. Settings removed included F_H, S_5, S_15, 
S_30, S_45, S_60, S_80, E_30, E_45, E_60, T_M, Sw_M, Rep_12 and 
Drp_ARUV (see Table 8 for further clarification). As expected, removal of 
these settings had a positive influence on R2X with little change in R2Y or 
Q2.  
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The loadings plot (showing the first two components) for this refined 
model is shown in Figure 8. The relative placement of the parameters and 
model scores indicates which settings are positively and negatively corre-
lated with high predictive performance. Settings that lie close to the model 
score for a particular data set are correlated with a high predictive perform-
ance, while the opposite is true for settings far from the model scores. Pre-
processing the data with GIFI allows for more straightforward interpretation 
since it shows not only which parameter is correlated with high or low pre-
dictive performance, but also how specific settings for parameters correlate 
with model score. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 8. Loadings plot of the first two components showing settings with a 
variable importance greater than 0.7. Multivariate analysis was performed 
using all 6120 CoMFA settings combinations and model scores for each data 
set. 

 
One of the key features shown in the figure is the correlation between pa-
rameters and model scores for the individual data sets. Interestingly, model 
scores and settings are placed differently within the loadings space for com-
ponent, thereby indicating that no generally preferred model settings can be 
found. The model scores for the data sets are scattered throughout the first 
and fourth quadrants (as seen in Figure 8). For example, the BZR, COX-2 
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and GPB data sets cluster in the first quadrant near the settings T_NONE, 
V_M, Sw_Y, E_5, E_15, Drp_N. The plot indicates that these settings tend 
to be used in models with high predictive performance for these data sets. 
However, for the ACE, AChE, THER and steroids data sets the settings 
Rep_10, Diel_dist, T_SQ, and V_NONE are correlated with high model 
score. Furthermore, the DHFR and THR data sets group further from most of 
the other data sets and the only setting really close to those responses is the 
F_B, indicating that use of both electrostatic and steric fields is effective.  

To summarize, this plot indicates that settings that work well for one par-
ticular data set cannot be presumed effective for another. Thus, in order to 
improve the predictive performance of CoMFA for a new data set, some 
exploration of different settings combination is likely necessary.  

3.8 Refinement of methodology 
Selection of more favorable CoMFA settings is effective in improving pre-
dictive performance, particularly so when default settings fail to produce 
highly predictive models. Fortunately, y-randomization tests showed that use 
of this parameter optimization methodology is unlikely to result in spurious 
CoMFA models. Although one of the original goals of the project was to 
find better default settings, data analysis indicates that optimal settings are 
highly data set dependent.  

While the methodology is effective, it does have a high demand on com-
putational resources. Depending on the data set studied, evaluation of all 
6120 models required up to 38 hours of CPU time. Furthermore, evaluation 
of all 6120 models results in the derivation of many models with similar 
settings and predictive performance. Thus, it may be possible to find models 
with equivalent predictivity by only evaluating a representative subset of the 
original 6120 models. 

In this particular application, the MaxMin diversity selection algorithm 
proved to be an effective method for compiling this representative subset. 
Based on some set of descriptors, a diversity selection algorithm seeks to 
design a subset by selecting experiments that are mutually distant in the ex-
perimental domain. This is done to promote coverage of the experimental 
space by a small number of observations.  

3.8.1 The MaxMin algorithm 
MaxMin gets its name from the way that it selects new subset members. In 
its original implementation, subset selection is initiated by selecting the two 
points that are furthest apart. To select new subset members, the distance 
between candidate members and their nearest subset members is examined. 
The candidate point with the greatest nearest neighbor distance is then cho-
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sen for inclusion in the subset. The process of adding new subset members 
proceeds until the subset is of the desired size. One of the advantages with 
using the MaxMin algorithm is that specific candidate points can be included 
in the subset without modifying the overall design goals. In this work, it was 
prudent to begin the selection procedure with the default CoMFA model.  

PLS scores derived using GIFI-PLS were used as Cartesian coordinates in 
MaxMin. PLS scores provide a simplified numerical representation of model 
settings and their corresponding predictive performance but also have the 
advantage of being centered and scaled. While the performance of the 
MaxMin algorithm written in various programming languages has been as-
sessed,175 it was conveniently written in Perl in this work. 

3.8.2 Compilation of a representative subset 
The MaxMin algorithm was used to compile a subset of 612 (10%) CoMFA 
models representative of the larger parent set. As subset members are added 
they grow closer together, eventually reaching the redundancy of the original 
parent set. Therefore, it is important to tabulate the order in which each sub-
set member was added. This information enables assessment of the appropri-
ate subset size. The subset size can conveniently be adjusted by excluding 
those members that were added last.  

While 612 models were chosen from the original parent set of 6120 mod-
els, that subset may not satisfy the main goal of the project. Here, the most 
important objective is to obtain the smallest subset possible that still contains 
models with high predictive abilities for all 9 data sets. 

3.8.3 Assessment of subset size 
To avoid evaluating too many CoMFA models, the appropriate subset size 
has been estimated by comparing the best models included in subsets of 
various sizes with those of the full set of 6120 models. Thus, it is necessary 
to devise an unbiased metric to compare the performance of models across 
different data sets. Comparison of models derived using different methodol-
ogy and data sets is a difficult task largely due to the data set dependence of 
many commonly used metrics.171 The model score defined in, Eq. 3 and 
based on a weighted sum of q2, r2

pred and r2, is useful for comparing models 
derived using the same data set, but does not allow comparison between data 
sets. For example, the best model from the COX-2 data set (model 2354) has 
a model score of 5.57. However, when model 2354 is used on the THR data 
set it receives a score of 7.78 even though there are roughly 2400 models 
with higher scores.  

Fair comparison of models derived using different data sets was achieved 
by ranking models based on model score, conceptually similar to ranking 
procedures used elsewhere.176 Models were ranked in order of descending 
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score, where the model with the highest score is ranked “1.” Model rank was 
used to approximate the appropriate subset size by finding the highest-
ranking model for each data set, then calculating the average rank of these 
models. This will be referred to as the average best rank (ABR) of the sub-
set. Here, the goal is to find the smallest subset with an ABR as close to “1” 
as possible. The smaller the ABR, the more similar in performance the best 
models are in both the subset and full parent set.  

Figure 9 shows the relationship between ABR and subset size. The figure 
shows that ABR improves steadily up to a subset of roughly 300 models, 
beyond this point there is little improvement in ABR. Also of note is that 
improvement in ABR occurs in steps. As models are added to the subset, a 
point is reached where a model with a good rank for one or more data sets is 
added to the subset, resulting in a jump in ABR. For the 9 data sets studied, 
ABR reached a plateau of 5.9 when the subset contained 301 models. After 
this, there was no improvement in ABR until the subset contained 513 mod-
els, where the ABR reached 5.6.  

 
 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 9. Relationship between average best rank (ABR) and subset size. 
 

Evaluation of a diverse set of 301 CoMFA models allowed for the identifica-
tion of CoMFA models with predictive performance similar to what was 
previously achieved when evaluating all 6120 models. Figures 10 and 11 
show a comparison in q2 and r2

pred, respectively for models derived using 
default settings, settings optimized using the full parent set and settings op-
timized using the diverse subset.  
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Figure 10. Comparison of q2 values for models derived using default set-
tings and optimized settings from the diverse and full parent sets. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 11. Comparison of r2
pred values for models derived using default set-

tings and optimized settings from the diverse and full parent sets. 
 

As indicated by Figures 10 and 11, the predictive statistics for models from 
the diverse and parent sets are virtually identical. There was essentially no 
loss in predictive performance associated with evaluation of 301 subset 
models  (less than 5%) as compared with evaluation of all 6120 models from 
the parent set. 

As may be expected, optimal models from the diverse subset were also 
similar to those of the parent set with regard to the settings used. Table 9 
shows a comparison of optimal settings used in the diverse and parents sets. 
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For brevity, several data sets have been omitted from Table 9. The data sets 
included were intended to give an overview of the difference in rank be-
tween optimal models from the diverse and parent sets. A more complete 
version of the table can be found in Paper II of this thesis. 

 
Table 9. Comparison of select models identified with diverse and full model 
sets. 
  

Settinga ACEb ACEc AChEb AChEc 
     
r2

pred 0.71 0.71 0.72 0.73 
q2 0.70 0.73 0.66 0.70 
Score 8.24 8.39 8.11 8.34 
Rank 17 1 3 1 
Dielectric Function Distance Distance Distance Distance 
Drop Electrostatics No No ARUV No 
Electrostatic 
Maximum 

45 45 15 15 

Field Type Both Both Both Both 
H-Bonding No No No No 
Rep. vdW term 10 8 12 12 
Steric Maximum 5 15 5 5 
Switch Function No No No No 
Transform Indicator Indicator Indicator Indicator 
Vol. Av. Type Box Box None None 
     
Setting DHFRb DHFRc THRb THRc 
     
r2

pred 0.63 0.64 0.66 0.69 
q2 0.67 0.68 0.71 0.71 
Score 7.49 7.64 8.01 8.07 
Rank 10 1 8 1 
Dielectric Function Constant Distance Distance Constant 
Drop Electrostatics No ARUV No ARUV 
Electrostatic 
Maximum 

30 5 5 5 

Field Type Both Both Both Both 
H-Bonding No No No No 
Rep. vdW term 8 12 12 12 
Steric Maximum 45 5 45 45 
Switch Function No No No No 
Transform None Squared Squared None 
Vol. Av. Type Box Box None None      
a Underlined settings are those considered to be default. b Top-ranking model from subset 
c Top-ranking model from parent set. 
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For the AChE data set, the two optimal models differed in rank by only two 
positions and settings were identical with the exception of the Drop Electro-
statics parameter. The similarity of the models is further reflected in their 
predictive statistics, where they both show virtually identical internal and 
external predictivity. Subset optimal models for the DHFR and THR show a 
similar deviation from the rank of their respective parent set optimal models. 
They are both ranked roughly 10 positions lower than their parent set opti-
mal models and therefore show similar predictive abilities. However, subset 
optimal models differ from the parent set optimal models more markedly in 
settings used than was the case for AChE. Of the 9 data sets studied, ACE 
differed most in rank from its parent set optimal model. Although it was 
ranked 17th, the subset optimal model differed in only 2 settings and still 
showed similar q2 and r2

pred. 
We were rewarded to find that the subset contained the top-ranked models 

for the BZR and COX-2 data sets. It is interesting to note that for these data 
sets, it was possible to identify precisely the same model using the subset as 
was possible using the original parent set. The settings for these models can 
be found in Table 7. 
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4. Modeling studies in HCV NS3 protease 
inhibitor design (Papers III and IV) 

The hepatitis C virus currently represents one of the most serious threats to 
global health.14 This, combined with the high mutation rate and genetic di-
versity177,178 of the virus has stimulated the search for new drugs. While re-
search efforts have been devoted to attacking various stages of the virus life 
cycle, inhibition of the HCV NS3 protease is currently one of the most at-
tractive. Papers III and IV of this thesis are devoted to the design of two 
novel classes of HCV NS3 protease inhibitors. In Paper III the more-
common P2 proline residue is replaced with phenylglycine in an attempt to 
improve potency by allowing additional interactions in the protease active 
site. Paper IV focuses on reducing the peptide character of inhibitors by re-
placing �-amino acids with their �-amino acid variants. The following dis-
cussion will focus on the ways molecular modeling has been used to formu-
late both quantitative and qualitative structure–activity relationships and aid 
inhibitor design. 

4.1 Phenylglycine-based inhibitors 
The evaluation of phenylglycine as a P2 residue in HCV NS3 inhibitors was 
inspired by earlier preliminary work, where it was found to be better than 
proline in a series of tetrapeptide inhibitors. Figure 12 shows a comparison 
of the structures and potencies for the tetrapeptide proline- and phenylgly-
cine-based compounds, showing a 23-fold more favorable potency for the P2 
phenylglycine compound 2. This observation is in agreement with other 
published work, where phenylglycine was shown to be the best aromatic 
amino acid and similar in potency to 2-naphthylalanine and leucine.179  
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Figure 12. Ki-values for tetrapeptide HCV NS3 protease inhibitors with 
proline (1) or phenylglycine (2) in the P2 position. 

 
This considerable gain in potency indicates that inhibitors with phenylgly-
cine in the P2 position are capable of interacting with the protease in ways 
not possible for the analogous proline-based inhibitor. Molecular docking 
was initially used to suggest probable ligand binding poses and to help pro-
vide a qualitative assessment of protein–ligand interactions.  

4.1.1 Molecular docking methodology 
Since biochemical testing is performed in a full-length HCV NS3 enzyme 
assay comprising both the helicase and protease domains, docking was also 
performed using the full-length NS3 protein. The NS3 protease/helicase 
crystal structure (PDB access code 1CU1)27 was refined and used to derive 
the active site used in docking. The crystal structure was subjected to con-
strained minimization and all residues within 9 Å of the last 11 residues of 
the C-terminus were extracted for use as the docking active site. Further 
details regarding the derivation of the active site are available in the work of 
Rönn et al.180 

The FLO+ docking suite181 was selected for modeling partly due to its 
treatment of protein flexibility, which is thought to more reasonably simulate 
protein–ligand interactions.182-186 A limited Monte Carlo search was per-
formed to explore the accessible ligand conformational states within the 
active site. The FLO+ docking suite allows control over the flexibility of 
individual protein residues. R155 and K136 were allowed full conforma-
tional flexibility without energy penalty while movement of all other resi-
dues by more than 0.2 Å was penalized by 20 kJ/(mol/Å2). The 10 lowest-
energy unique conformations from the Monte Carlo perturbation were re-
tained and subjected to 50 steps of simulated annealing. To retain the ligand 

N

ONH
O

HN

O
HO

O
O

NH

SH
OH

O

N
H

OH
N

O
N
H

O
HO

O

H
N

O
SH

OH

O

1. Ki = 23 �M

2. Ki = 1.0 �M



 47

conformation obtained from the Monte Carlo step, an energy penalty (20 
kJ/(mol Å2)) was applied in the simulated annealing step if the similarity 
distance between two sequential conformations differed by more than 0.2 Å. 
Due to the relatively featureless nature of the active site, several zero-order 
bonds were used to hold the ligand near the vicinity of the active site.  

4.2.2 Full-length HCV NS3 protein active site 
The protease active site has been described as a relatively flat and featureless 
area on the surface of the protein,25,26 however, inclusion of the helicase do-
main gives a more enclosed binding site at the interface of the protease and 
helicase domains.27 Figure 13 shows the relative positions of the protease 
and helicase domains as well as the position of the catalytic triad, the NS4 
cofactor and C-terminus. Figure 14 shows a graphical depiction of the prote-
ase and helicase residues defining the S1, S2 and S3 pockets. Near the site of 
catalysis, the P1 sidechain is encircled by K136, G137, S138 and S139 and 
the bottom of the S1 pocket is defined by the aromatic sidechain of F154. 
Residues from both the protease and helicase domains define the S2 pocket. 
In the orientation of the protein shown in Figure 14, the right and back sides 
of this pocket are defined by H57 and R155, respectively (protease domain), 
while the left side and ceiling are defined by Q526 and M485, respectively 
(helicase domain). Finally, the S3 pocket is located directly above the A157 
residue between the protease and helicase domains.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 13. Depiction of the relative positions of the helicase (green) and 
protease (blue) domains as well as that of the catalytic triad (magenta), NS4 
cofactor (orange) and C-terminus (red). This figure was based on the crystal 
structure with PDB access code 1CU1.27 
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Figure 14. Stereographic image showing key residues defining the S1, S2 
and S3 pockets. 

 
Serine proteases rely on three amino acids for hydrolysis of a peptide bond, 
which are commonly referred to as the catalytic triad. These include a his-
tidine, an aspartic acid and a serine residue. The catalytic triad in the HCV 
NS3 protease is comprised of H57, D81 and S139. H57 and S139 can be 
seen in the figure but D81 is further from the S1 pocket and was omitted for 
clarity. The so-called oxyanion hole is another feature often referred to in 
HCV NS3 protease inhibitor design. The oxyanion hole is defined by the 
backbone NHs of G137 and S139187,188 and is an important binding site for 
the oxyanion in natural substrate cleavage. 

4.2.3 SAR of phenylglycine-based inhibitors 
Docking of the tetrapeptide phenylglycine compound 2 indicated that it may 
participate in two interactions with the enzyme not possible in the proline-
based analogue 1. The cyclic nature of the proline amino acid prevents the 
amide nitrogen from acting as a hydrogen bond donor. However, this is not 
the case for phenylglycine. As seen in Figure 15 the P2 NH is located close 
to the Q526 sidechain carbonyl moiety and oriented properly for hydrogen 
bonding to occur. The phenylglycine residue may also participate in a pi-pi 
stacking interaction with the imidazole sidechain of H57.  
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Figure 15. Stereographic image of 1 (blue) and 2 (red) shown with the resi-
dues H57 and Q526 (orange) of the HCV NS3 protein. A pi-pi stacking in-
teraction is possible between the H57 imidazole sidechain and the phenyl-
glycine P2 sidechain (centroid–centroid distance of 3.5 Å). Structures of both 
the inhibitor and amino acid residues were obtained from docking studies 
and the positions of the protein atoms were obtained from the docking re-
sults of 2. 

 
To explore the potential of phenylglycine as a P2 residue, a total of 26 tripep-
tides were synthesized and tested. Various P3 (valine and tert-leucine) and P1 
(norvaline, ACCA, vinyl-ACCA, and difluoro-Abu) sidechains and C-
terminal groups (carboxylic acid and acyl sulfonamide) were tested in con-
junction with a number of phenylglycine substituents, many of which have 
been used successfully in the past with proline-based inhibitors. Macrocycli-
zation was also explored by forming 15-membered rings connecting the P1 
and P3 sidechains. An overview of those structures and their measured activi-
ties is presented in Table 10. For brevity, they will not all be reproduced here 
but may be found in Paper III of this thesis. 
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Table 10. Structure and potency of selected phenylglycine-based tripeptides. 
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a Compound name shown in parentheses reflects the number assigned in paper III.  
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Truncation of tetrapeptide 2 combined with use of tert-leucine, vinyl-ACCA, 
cyclopropyl acyl sulfonamide and methoxy as P3, P1, C-terminal and P2 
sidechain extension groups, respectively, resulted in inhibitor 3 (Ki = 5.4 
�M). Replacement of the P2 methoxy sidechain extension with 2-
chloropyridin-6-yloxy and 3-chloroisoquinoline furnished 4 and 5, showing 
a 2- and 13-fold improvement in potency, respectively. A further 2-fold im-
provement in potency was achieved with the 7-methoxy-2-phenylquinolin-4-
yloxy P2 sidechain extension, providing 6 with a Ki of 0.18 �M and demon-
strating a 30-fold improvement in potency over 3.  

In an attempt to further improve potency, several P1 and P3 sidechains 
were explored. Although in other work P3 tert-leucine has been more suc-
cessful than valine,189-191 valine was still tested in the P3 position. 6 was 
modified, substituting its P3 tert-leucine with valine, furnishing 7, however, 
no change in potency was observed. Further modifications were made, using 
norvaline in the P1 position as well as phenyl acyl sulfonamide in the C-
terminal, furnishing 8 and demonstrating a 1.5-fold loss in potency. Other 
attempts at P1 optimization were unsuccessful, rendering inhibitors 9 (Ki = 
1.2 �M) and 10 (Ki = 0.78 �M) with ACCA and difluoro-Abu P1 residues, 
respectively. 

Inhibitors were cyclized by joining the P3 and P1 sidechains, forming a 
15-member macrocycle, which has been effective in other HCV NS3 prote-
ase inhibitors such as ciluprevir (Figure 1).192,193 This was successful in pro-
ducing the most potent inhibitors in the series, 11 and 12, with Ki values of 
0.076 and 0.074 �M, respectively, and representing a 2-fold improvement 
over 6. 

In agreement with NMR studies on phenylglycine compounds,194 docking 
suggested that the phenylglycine sidechain of 2 probably lies perpendicular 
to the inhibitor backbone. In this conformation, the aromatic phenyl ring is 
parallel to the imidazole ring of H57 and within range for a pi-pi stacking 
interaction. Docking indicates that extension of the P2 sidechain with bulky 
groups, such as 7-methoxy-2-phenylquinolin-4-yloxy, may introduce some 
strain in the ether linker. Strain in the ether linker may be relieved by rota-
tion of the phenylglycine sidechain to a conformation parallel to the inhibitor 
backbone. This strain, combined with the slightly larger size and flexibility 
of the P2 sidechain may account for why inhibitors in the phenylglycine se-
ries did not reach the potency observed in similar P2-proline compounds. 

4.2 �-Amino acid replacement 
Currently, almost all active NS3 protease inhibitors have been designed us-
ing peptidomimetic techniques, using the natural substrate as a starting point. 
While all compounds known to have entered clinical trials have been de-
signed using peptide truncation, non-natural amino acids, sidechain exten-
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sions and/or cyclizations (Figure 1), all have been designed using �-amino 
acid backbones. In an effort to further reduce the peptide character of NS3 
protease inhibitors, we have designed a series of novel tripeptide inhibitors 
comprised of a mix of �- and �-amino acids. 

�-Amino acids differ from their �-amino acid counterparts in the spacing 
between the amine and carboxyl termini. As seen in Figure 16, �-amino ac-
ids have an extra methylene carbon between the termini and sidechain sub-
stitution may occur on either of these carbons, allowing for the �2 and �3 
variants. While the insertion of a methylene group into the peptide backbone 
introduces additional degrees of conformational freedom,195 it also provides 
an additional site for ligand optimization.196  

 
 

 
 
 
 
 
 
 
 
 
Figure 16. Structure of �-, �2- and �3-amino acid backbone structures. 
 
The insertion of a �-amino acid into a peptide backbone has been successful 
in producing potent inhibitors resistant to proteolysis196-200 and has been used 
in an attempt to improve the selectivity of serine protease inhibitors.201 In the 
design of inhibitors of the HCV NS3 protease, Colarusso et al. have also 
published the structure of one compound containing a C-terminal �-amino 
acid.202 Several studies have also shown that exchange of native �-amino 
acids with �-variants results in ligands with improved resistance to cleav-
age.203,204 

The synthetic accessibility of �-, �-mixed peptides and their noted resis-
tance to proteolysis led us to explore their potential in HCV NS3 protease 
inhibitor design. To explore the impact of �-amino acid insertion on inhibi-
tory potency, a �-amino acid scan was performed, inserting one ��-amino 
acid into the P1, P2 or P3 positions of two tripeptide reference compounds. 
The reference inhibitors,180,205 shown in Figure 17, contain both carboxylic 
acid and acyl sulfonamide C-terminal groups and were previously found to 
be of reasonable potency. 
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Figure 17.  Structure and potency of �-amino acid reference inhibitors. 

4.2.1 Hydrogen bonding network of HCV NS3 protease 
inhibitors 
The reference inhibitors 13 and 14 are thought to form the hydrogen-bonding 
network as depicted in Figure 18, which is consistent with hydrogen boding 
indicated in other work. Inhibitors of the HCV NS3 protease are thought to 
form an extended anti-parallel �-strand with the protease backbone, similar 
to that seen in the full-length protein crystal structure,27 allowing for hydro-
gen bonding between the P3 residue and protease residue A157. Residues 
G137 and S139 define the so-called oxyanion hole,187,188 which is thought to 
be a key site for protein–ligand interaction. Hydrogen bonds have also been 
noted between the ligand and the R155 backbone.193,206 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 18. Protein–ligand hydrogen bonding interactions predicted for 13. 
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4.2.2 Biochemical test results 
Compounds 15-21 were tested in an HCV NS3 enzyme assay comprising the 
full-length (both protease and helicase) NS3 protein. Chemical structures 
and their biochemical test results (shown as Ki values) are shown in Table 
11. 
 
Table 11. Structures and biochemical test results for tripeptides containing a 
�-amino acid. 

 
Cmpd.a Scaffold R Ki ± SD 

(�M) 
 

15 (21) 
O

OH 
18 ± 5 

16 (24) 

O

N
H

S
O

O

 

14 ± 7 

17 (2) 

N

ON
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O

O

N

O

O

H
N R

 
O

OHO  
1.0 ± 0.6 

    

18 (22) 
O
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19 (25) N
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20 (23) 
O

OH  
17 ± 3 

21 (26) N

O

O

N

O

O

H
N R

H
N

O
O

 

O

N
H

S
O

O

 

1.2 ± 0.4 

    
a Compound name in parenthesis reflects the number assigned in  
   paper IV 

4.2.3 SAR of �-amino acid-containing inhibitors 
Biochemical testing indicated that an unfortunate result of �-amino replace-
ment was an overall loss in potency as compared to the reference inhibitors 
13 and 14. To help understand how changes in ligand structure led to differ-
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ences in test results, the inhibitors presented in Table 11 were subjected to 
flexible docking using the methodology given in Section 4.1.1. 

Acyl sulfonamide inhibitors with �-amino acids in the P3 and P2 positions 
(21 and 19, respectively) were equipotent (Ki = 1.2 and 1.8 �M, respec-
tively). However �-amino acid insertion in the P1 position in inhibitor 16 
resulted in a 7-fold loss in potency (Ki = 14 �M).  

Since replacement of an �-amino acid with a �-variant results in a longer, 
more flexible inhibitor, the use of C-terminal carboxylic acids was also ex-
plored. Inhibitors comprising an acyl sulfonamide C-terminal moiety were 
generally more potent than their carboxylic acid counterparts, which is in 
agreement with previous work.180,207,208 Carboxylic acids with �-amino acids 
in the P3 (20, Ki = 17 �M) and P1 (15, Ki = 18 �M) positions were equipo-
tent. �-amino acid insertion in the P2 position proved to be detrimental to 
potency, rendering 18, with a Ki = 61 �M and 4-fold less potent than 15 and 
20.  

Whereas incorporation of a �-amino acid in the P1 position in the acyl sul-
fonamide series resulted in the greatest loss in potency, �-amino acid inser-
tion in the P2 position was most detrimental to activity for the carboxylic 
acids. 18, with a measured activity of 61 �M, is approximately 4-fold lower 
in potency than 15 and 20. Docking studies indicated that insertion of the �-
amino acid in the P2 position disrupted the hydrogen bond with R155, form-
ing instead a hydrogen bond with the terminal NH of the K136 sidechain, 
which in turn disrupted the C-terminal hydrogen bonds in the oxyanion hole. 

Although all �-amino acid-containing inhibitors were of lower potency 
than the reference inhibitors, docking indicated that the inhibitors represent-
ing the greatest loss in potency (18 and 16) may have suffered from poor 
interactions in the oxyanion hole. To gain further understanding of the 
oxyanion hole interaction, 17 was designed, comprising an �-ketoacid C-
terminal group. Docking indicated that the �-keto group would be positioned 
appropriate for interaction in the oxyanion hole, as seen in Figure 19. 
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Figure 19. Depiction of the hydrogen-bonding network seen in docking 
studies of 17. The P3 valine residue is seen lying anti-parallel to A157 of the 
protease. The P1 NH is located close to the R155 carbonyl and the �-keto C-
terminal group is seen hydrogen bonding with G137 and S139. Hydrogen 
bond distances varied between 2.8 and 3.4 Å.  
 
Due to the steric hindrance caused by the bulky cyclopropyl P1 sidechain, 
inhibitors such as 17 may not function as electrophilic inhibitors.207,209 Simi-
lar compounds with a ketoamide C-terminal group and an �,�-disubstituted 
P1 sidechain have been shown to be of low potency.210,211 In contrast to the 
loss in potency observed in structurally similar electrophilic inhibitors, bio-
chemical testing indicated an improvement in potency. 17 (Ki = 1.0 �M), 
with an �-keto acid C-terminal group and cyclopropyl P1 sidechain is 
roughly 18-fold more potent than the corresponding P1 �-amino acid-
containing inhibitor 15. This improvement in potency supports the impor-
tance of the oxyanion hole interaction and indicates that 17 likely binds re-
versibly with the protease. 
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4.2.4 CoMFA modeling 
CoMFA modeling was performed using all relevant tripeptide HCV NS3 
protease inhibitors previously published by our research group180,208,212 as 
well as the �-amino acid-containing inhibitors under investigation. Molecu-
lar docking provided compound alignment and 3-dimensional structures. 
Prior to use in CoMFA, structures were subjected to 10 steps of minimiza-
tion using the Tripos force field56 and partial atomic charges were calculated 
using the Gasteiger-Hückel method.153,213 The default CoMFA region and a 
C-sp3 probe atom was used for all CoMFA models. 

Although a total of 75 HCV NS3 inhibitors were available for CoMFA 
model derivation, preliminary investigations indicated that a local model, 
based only on proline-based inhibitors, showed better predictive perform-
ance than the larger global model including both proline- and phenylglycine-
based inhibitors. After removal of the phenylglycine-based inhibitors 54 
compounds remained, comprising various P1, P3 and C-terminal groups. The 
structures and affinities of these inhibitors are available in the supplementary 
material of Paper IV. To find more suitable CoMFA parameters and thus 
improve predictive performance, our CoMFA parameter optimization meth-
odology was used.214 

Training and test set division was performed using hierarchical clustering 
using CoMFA fields and biological activity data (expressed as pKi ). Two-
thirds of the compounds (36) were selected for use in the training set and the 
remaining one-third (18) of compounds were set aside as an external valida-
tion set. 

4.2.4.1 Comparison of default and enhanced CoMFA models 
Although it was possible to derive a satisfactory CoMFA model using de-
fault parameters (q2 = 0.31, r2

pred = 0.56), predictive performance was en-
hanced using our parameter optimization methodology (q2 = 0.48, r2

pred = 
0.68). The improvement in predictive performance may be visualized in 
Figure 20, where the prediction of test set compounds using the default and 
optimized models is compared. The improved model differed from the de-
fault model in the Electrostatic (“60”) and Steric (“15”) cutoffs, Transform 
(“Indicator”), Switch Function (“No”), Volume Averaging Type (“Box”) 
and the Drop Electrostatics (“No”) setting. 
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Figure 20. Experimental versus predicted pKi values for test set compounds 
showing a comparison of the predictive quality of the default and improved 
CoMFA models. The placement of points relative to the line gives an indica-
tion of the predictive accuracy of each model.  

 
In addition to its merit as a predictive tool, visualization of CoMFA fields 
gives an indication of which ligand features are important for potency. Al-
though CoMFA models are developed without knowledge of the protein 
structure, fields may be overlaid with the protein active site and provide 
valuable information for ligand optimization as well as model validation. 
Figure 21 shows the steric and electrostatic contour maps overlaid with the 
protein surface. 
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Figure 21. Steric and electrostatic contours derived from our improved 
CoMFA model overlaid with the HCV NS3 protein surface and 17. Electro-
static maps are shown in red and blue; red regions are those where the pres-
ence of electronegative moieties are associated with high potency and blue 
surfaces indicate the opposite. Steric maps are shown in green and yellow; 
green surfaces indicate areas where steric bulk is favorable while yellow 
surfaces indicated the opposite. 

 
Some notable features of Figure 21 include the red surface located between 
S139 and Q41 sidechains, the blue surface near the R155 backbone carbonyl 
and the green surfaces near the M485 and K136 sidechains. Docking showed 
that for C-terminal acyl sulfonamide compounds at least one of the sulfone 
oxygens is located in or near the red surface between the S139 and Q41 
sidechains. The surface can be rationalized on the basis that compounds 
comprising C-terminal acyl sulfonamides are often of higher potency than 
the corresponding carboxylic acids. The blue region near the R155 backbone 
carbonyl and the P1 nitrogen may indicate the importance of hydrogen bond-
ing between these groups. Finally, the green surfaces near M485 and K136 
indicate the importance of hydrophobic interactions in these areas.  
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4.2.5 Summary 
Although biochemical testing showed that the �-amino acid-containing in-
hibitors produced in this study were of lower potency than their reference �-
tripeptides, several inhibitors were of �M potency. Biochemical test results 
indicate the importance of oxyanion hole interactions, as demonstrated by �-
ketoacid 17, where the addition of a carbonyl group in the �-position re-
sulted in a 18-fold improvement over 15. (15 is comprised of a P1 �-amino 
acid and C-terminal carboxylic acid.) Docking indicated that, depending on 
the position of �-amino acid replacement, some ligand hydrogen bond do-
nors or acceptors may be unsatisfied, which is known to be detrimental to 
potency.215 The loss in potency associated with �-amino acid insertion may 
also be due to their greater degree of conformational flexibility as compared 
to �-peptides. Docking also suggested that inhibitors were least sensitive to 
�-amino acid insertion in the P3 position. Information gained from docking 
and the subsequent CoMFA models should prove useful for future ligand 
optimization. 
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5. Concluding remarks 

This thesis has focused on the development of methodology for improving 
the predictive performance of CoMFA and modeling studies of HCV NS3 
protease inhibitors. 
 
Development of improved CoMFA methodology: 

 
� It has been possible to find CoMFA models with enhanced predic-

tive performance by finding suitable parameters. This was initially 
done by evaluating 6120 CoMFA models and found to consistently 
improve models for nine data sets. 

 
� This methodology has been validated by various means and found to 

be unlikely to result in spurious CoMFA models, indicating its gen-
eral applicability.  

 
� The CoMFA improvement methodology was refined by selecting a 

diverse subset of the original 6120 CoMFA models using the Max-
Min diversity selection algorithm. Results indicate that by evaluating 
only 5% (~350 models) of the original 6120 models similar im-
provements in predictive performance were attainable for these 9 
data sets. 

 
Modeling of HCV NS3 protease inhibitors: 

 
� Molecular docking investigations of the P2-phenylglycine based in-

hibitors aided in understanding their SAR. Although phenylglycine-
based inhibitors may participate in two interactions not possible for 
analogous proline-based compounds, docking indicated that the lar-
ger and more flexible phenylglycine group may not fit the protein as 
well.  

 
� Docking studies on the �3-amino acid-substituted inhibitors sug-

gested that the P3 position is least sensitive to backbone modifica-
tion. The study also stressed the importance of retaining electrostatic 
interactions in the oxyanion hole.  
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� Docking also provided predicted bioactive conformations and the 
alignment necessary for the derivation of CoMFA models. Applica-
tion of the CoMFA improvement methodology was successful in 
improving q2 from 0.31 to 0.48 and r2

pred from 0.56 to 0.68.  
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